early stage (Abu-Alhija 2007; Leseman 2004) . Studies have shown that early intervention programs yield impressive results both from an economic and a social perspective (Heckman 2000) , a finding that underscores the importance of early identification.
Although the potential benefits may be high, several scholars argue that the inherent variability in performance of a young child and among young children as a group (intraand inter-individual variability) , and the lack of stability in the way young children demonstrate their competence, does not allow for a reliable or valid assessment of current or future performance using standardized tests (Colpin et al. 2006; Gilliam and Frede 2012; Shepard et al. 1998) . Indeed, studies indicate that, for many early assessment measurements, the relationship between test scores and future outcomes is consistently inadequate (Dockrell and Marshall 2015) , widely varying (Kim and Suen 2003) , or unclear (Heckman 2000; Snow 2006 ). The predictive validity for future outcomes, however, is imperative when using assessment measurements to inform decisions (Cronbach 1971) .
Although large inter-and intra-individual variation can be problematic when trying to identify children for intervention purposes, both inter-and intra-individual variations have been largely neglected in studies of cognitive abilities (Siegler 2002; Zubrick, Taylor, and Christensen 2015) . This is in stark contrast with the fields of motor, social, and emotional development, where developmental stability has received more attention. For example, a study by Darrah and Hodge (2003) concerning the stability of motor and communication abilities, shows that infants make large shifts in percentile rankings on standardized tests (Peabody Developmental Motor Scales, Communication Symbolic Behavior Scales). The majority of infants in their study showed unstable patterns in their scores over time: while a large portion of infants (61%) scored below the cut-off 16th percentile, most infants did so only once. These results show that, depending on the moment of assessment, decisions made based on any single score can lead to very different conclusions. Goorhuis and Schaerlaekens (2000) also indicate that normal variation in language development is often diagnosed as a developmental problem and treated accordingly. They plead for a more thorough distinction between normal variation and maturation, on the one hand, and developmental problems and disorders, on the other. From a neurological perspective, the sizable variation in early math and language skills is consistent with the rapid development of memory and attention processes that underlie these skills in early childhood (Fuchs et al. 2014; Geary 2006; Goorhuis and Schaerlaekens 2000; Shonkoff and Phillips 2000) . Although this issue of stability may be inherent to the development of young children, it may hinder educational decisions based on any single assessment outcome, as scores are generally less reliable.
Distinguishing between children at risk for academic problems and normal developmental variation requires the assessment outcome to be strongly indicative of the child's educational trajectory. Correlation coefficients are often reported in order to evaluate this property and justify the use of assessment instruments for screening and intervention purposes (Einarsdóttir, Björnsdóttir, and Símonardóttir 2016; Kim and Suen 2003) . However, although correlations provide important information as to a test's average predictive validity for the entire range of scores, they might not adequately represent a test's adequacy in detecting children at risk for academic problems. Consequently, although correlation coefficients between early and later academic measurements are important, they might not adequately justify use of an assessment instrument for identification purposes.
Research into the predictive validity of early childhood assessments indicates that most early language measurements correlate only moderately with later test scores, while tests of early math skills fare only slightly better. For example, analyses of six data sets (N∼10,000 teachers and 16,000 children) by Duncan et al. (2007) showed that preschool mathematics and language abilities at age five are significant predictors of later achievement, although the standardized coefficients of early language scores (β = .17) were considerably smaller than the coefficients of early math scores (β = .34). A replication study (N = 1521) by Romano et al. (2010) indicated slightly weaker correlation coefficients both between preschool and first/third-grade standardized mathematics assessments, and between preschool and first/third-grade language teacher/parent report measurements. A review study by La Paro and Pianta (2000) on the relationship between preschool academic and social assessments, and second-grade academic and social test scores, revealed that preschool academic assessments make only small to moderate contributions when it comes to predicting school success. The correlation coefficients collected from over 30 studies ranged between .08 and .78, with a mean correlation coefficient of .43 and .48 for first and second grade, respectively.
All three studies contributed correlation estimates over a large number of subjects and assessment instruments. Although similar correlation estimates were found for all three studies, they differ markedly in terms of the optimism of their conclusions. While Duncan et al. (2007) and Romano et al. (2010) stress the significance of early academic measurements as strong and important predictors of later math and reading scores, La Paro and Pianta (2000) conclude that 'child-based assessment of skills will not accurately identify "high risk" children' (p. 476). These statements illustrate how a focus on performance prediction in the general population can lead to more optimistic conclusions when compared to a focus on identification of children at risk for academic difficulties. Both interpretations are united in a paper by Dollaghan and Campbell (2009) , who studied the relationship between several language measurements at ages three, four, and six (N = 414). Dollaghan and Campbell concluded that, while early language tests correlate moderately with later test scores on a group level (r between .35 and .77), on an individual level, low early language scores (defined as 1.5 SD below sample mean) were poor predictors of later language deficits. For the test with the highest correlation coefficient (PPVT-R), only 17% of low-scoring children remained consistently within this group over time.
The study by Dollaghan and Campbell (2009) shows the importance of combining group statistics, such as correlations with a more specific focus on individual scores over time, and, more specifically, a focus on the identification of children at risk for language and math difficulties. However, like the studies conducted by Duncan et al. (2007) , Romano et al. (2010) , and La Paro and Pianta (2000) , the study by Dollaghan and Campbell is limited in this respect due to the focus on bivariate comparisons instead of longitudinal score trajectories. In addition, although the research by Dollaghan and Campbell examines whether early low scores result in an increased risk for later academic difficulties, little attention is paid to children who scored high on the early assessment but received low scores in subsequent years. Granted that falsely identifying children as being at risk (false positives) may be considered ineffective or even unethical, the occurrence of 'false negatives' may prove even more serious in assessment applications, since they would be indicative of children who did not receive the support needed. Finally, the analytical techniques used to mitigate the occurrence of missing data in these studies are prone to induce bias in the parameter estimates.
To summarize, although all these studies add valuable information, their utility in identifying children at risk for academic difficulties is limited by the lack of focus on this specific group. In addition, missing data can be handled using more effective and efficient methods that better limit bias caused by selective testing. Finally, all these studies share the implicit assumption that the score trajectories between measurements are stable, by restricting their comparisons to two measurement occasions instead of longitudinal score trajectories.
This study provides a new perspective on the evaluation of preschool assessment by combining group statistics with a specific focus on the individual score trajectories of low-performing children. In addition, the current study assesses the stability of scores over time, with special attention paid to children who score in the lower regions on early and/or later academic measurements. For the purpose of this study, score stability can be defined as the consistency between measurement occasions, as measured by the percentile ranking relative to the general population and to previously obtained scores.
This study aims to evaluate the utility of early standardized assessment for identifying children at risk for later academic difficulties. In this explorative study, we will analyze data originating from a Dutch educational context. Hence, the following research questions will be answered in terms of the preschool 1 tests used by the majority of Dutch elementary schools: 1. What is the degree of stability of language and math achievement scores? 2. What is their predictive value for future language and math scores?
Method

Population and sample
The target population consists of children in the first four years of Dutch primary school, which administered tests from the Student and Education Monitoring Program developed by Cito (Leerlingen Onderwijs Volgsysteem, LOVS). A selective sample of 18 Dutch regular primary schools has been used for this study. Within these schools, all children who started third grade in 2013 and were tested at least once have been included in the sample. On average, these children each took 5.8 language tests (SD 1.4) and 5.5 math tests (SD 1.3). Three children, who received special educational needs funding, were excluded from the sample, since these children were already known to be at risk for academic difficulties, and the low number of these children made generalization of study findings for this specific subpopulation difficult. The total sample consists of 431 children, with a mean age of 8 years and 2 months (SD 5.2 months) when the final test was administered.
The sample characteristics for the independent variables are given in Table 1 . As shown, the sample contains roughly the same number of boys and girls and consists primarily of native Dutch children (7% have a foreign background). Overall, around onethird of the measurements on the dependent variables are missing.
Instruments
The instruments that are assessed in this study were developed by the Dutch Central Institute for Test Development (Cito). In conjunction with teacher observations, these instruments are designed to provide information for both identification/allocation and evaluative decisions (Koerhuis and Keuning 2011; Lansink and Hemker 2012) . All items are formulated by a panel of assessment experts, teachers, and educational professionals, and are assessed using a one-parameter logistic model on large samples of elementary school children (Verhelst, Verstralen, and Eggen 1991) . This Item Response Theory (IRT) model is identical to the two-parameter Birnbaum model, where the discrimination indices are estimated in advance by a weighted least squares algorithm and subsequently treated as known constants (Verhelst, Verstralen, and Eggen 1991) . The construct validity of each test was examined through the fit of the items to the IRT model and correlations with an older version of the preschool test for the preschool and grade 1/2 tests respectively. All the instruments were found to have satisfactory properties by the Dutch Committee for Test Materials (COTAN), an independent committee that evaluates test construction, quality of the materials, norms, reliability, and construct validity (COTAN 2011 (COTAN , 2013 . The predictive validity for these instruments, however, has not been assessed. Two different versions of the preschool tests are currently in use: a version from 1996 and a revised version from 2009. Both versions measure the same construct, and previous studies indicate that the item banks, on which the instruments are based, correlate highly for both the language tests (r = .92; as found by Lansink and Hemker 2012) and the mathematics tests (r = .99; as found by Koerhuis and Keuning 2011) .
The preschool language instruments (Lansink and Hemker 2012) are designed to measure receptive language ability. The instrument administered in the first year (equivalent to US preschool year, and abbreviated to Middle (M)1 and End (E)1 in this study) consists of 48 items with a maximum score of 97 designed to assess the child's receptive vocabulary, word definition skills, and understanding of written and spoken language. Phonological awareness and metalinguistic tasks are added to the second-year test (equivalent to US kindergarten year and abbreviated to M2 and E2), which consists of 60 items and a maximum score of 108. Reliability was assessed with Measurement Accuracy (Verhelst, Glas, and Verstralen 1995) and ranged from .84 to .89.
The language tests (De Wijs et al. 2010), administered in grades 1 and 2 (M3 to E4), consist of 50 items with a maximum score of 124 to 151 (see Table 2 ), which measures a child's ability to correctly spell a word and to recognize a wrongly spelled word. The tests consist of written assignments, though the module for the better spellers in second grade consists of multiple-choice items. Reliability for these instruments ranges between .90 and .94.
The mathematics preschool tests (Koerhuis and Keuning 2011) are designed to measure general early mathematics mastery. These instruments include 46 to 48 items (maximum score 106 and 137, respectively) that assess the child's numerical understanding; understanding of quantity; understanding of basic concepts related to location, length, volume, weight, and time; and understanding of figures and simple symmetrical patterns. Reliability ranges between .87 and .91.
The grades 1 and 2 (M3 to E4) mathematics tests (Janssen et al. 2010 ) consist of 50 and 52 items with a maximum score between 81 and 109 (see Table 2 ), which are designed to measure applied math skills, including: number knowledge and basic operations (addition, subtraction, multiplication, and division); ratios, fractions, and percentages; and measurement, time, and money (these latter two are added in the second grade). Unlike the preschool tests, these tests consist of open-ended questions. Reliability ranges between .91 and .93.
Data collection and variables
Data was collected and anonymized by the school's secretary. Informed consent was given by the schoolboard to retrospectively retrieve data from a four-year period from the schools' student monitoring systems. As the data were retrieved from an existing database, the study did not interfere with the education of individual children. Furthermore, names were not collected and birthdates were rounded to the nearest month to ensure that data were not traceable to individual students. Ethical approval for this study was given by the University of Groningen Educational Sciences ethics committee.
A total of eight different measurements (language and mathematics tests) are taken, one in the middle (M) of each school year, and one during the end (E) of each school year. The Cito preschool tests are used for the first four measurements, with a dummy variable to indicate the test version. The last four measurements include the language and math scores in first and second grade. It is important to note that the preschool tests and first/second grade tests constitute two distinct (albeit related) measurements, with notably different scales for the continuous weighted (item-response function) scores (Koerhuis and Keuning 2011; Lansink and Hemker 2012) . This means that absolute differences do not have the same meaning over the four-year period, which is why measurements of correlation need to be used. In addition, the continuous scores can be expressed in percentile quartiles 2 relative to the general population of children in Dutch elementary schools. All instruments are group-administered in two parts by the classroom teacher in roughly 20 to 40 minutes. Whenever a child had repeated a grade (n = 85), the second score was used when that child had been tested twice using the same test (occurred in 30.2% of the cases that repeated a grade), since testing effects were presumed to be negligible due to the long intervals between these two tests. In addition, several variables that are known to influence learning outcomes were measured, including: whether the child had a foreign background (i.e. a non-Dutch parent, NNCA; see Rovict n.d.) , the gender of the child, whether the child was the first child in a family to attend a specific school, and the child's age in months at the start of third grade (OECD 2008) . The educational level of the child's caregiver(s) was also measured in three categories in accordance with the 'educational burden.' This procedure is designed to assign extra school funding for children whose parents or caregivers had only graduated from the lowest track of high school education (US equivalent: ≤10th grade), and for children where at least one parent had discontinued his/her studies after primary school (DUO 2013). We will refer to these two categories as 'low parent education' and 'very low parent education,' respectively. The third category includes all other children, where at least one of their parents had finished his/her junior year in high school.
Since schools are not obligated to test at every measurement occasion during the preschool years, missing observations were likely to arise. Statistical analyses were therefore used to compensate for the occurrence of bias in parameter estimates due to missing test scores.
Statistical analyses
First, sample descriptives are presented for the demographic variables. In addition, means and standard deviations for the language and math scores are calculated for each measurement occasion, along with the number of observations. For explorative purposes, correlations between the measurement occasions for the language and math tests are calculated using pairwise deletion to treat missing data. For subsequent analyses, missing data is handled using multiple imputation (Rubin 1987) , because deleting cases with missing data from the analyses is generally wasteful of information and is known to generate biased parameter estimates if the causes of missingness are excluded from the analyses (Allison 2009; Graham 2009 ; Van Buuren and Groothuis-Oudshoorn 2011). Multiple imputation procedures work by replacing each missing value m times with an adequate estimate based on the available information in the dataset and an added random residual (Graham 2009 ). These estimates consist of simulated random draws from the posterior missing data distribution and result in m different datasets, which are subsequently analyzed separately to obtain m parameter estimates. The results of these analyses are pooled using Rubin's rules (Rubin 1987) to create unbiased parameter estimates and standard errors when the MAR assumption holds (Graham 2012) . According to Graham (2009 Graham ( , 2012 , MI estimates are generally superior to older methods even when the MAR assumption is violated.
A major benefit of any MI technique is that it separates the estimation of missing values from the actual analyses. Essentially, MI works with an imputation model that uses all available information to impute missing data, which may be different from the substantive model that only uses variables of substantive interest to the researcher. This means that the imputation model can be larger than the substantive model by including auxiliary variables, which makes a MAR assumption more tenable in comparison to ML models that often only include variables that are part of the analysis model (Graham 2012) .
To identify the missing data mechanisms and determine possible sources of bias, the mean scores in each pattern of missing data are visualized and compared to the complete case scores. Missing observations are multiply-imputed, using the R package MICE V2.0 (Van Buuren and Groothuis-Oudshoorn 2011). Multiple Imputation by Chained Equations (MICE) is an imputation technique that specifies a separate univariate imputation model for each partially observed variable (Van Buuren and Groothuis-Oudshoorn 2011; White, Royston, and Wood 2011) . This makes it an extremely versatile technique that allows for the imputation of both normally and non-normally distributed variables. In addition, the software has been adapted to impute hierarchically structured data. All available variables are used in the imputation models (both as predictors and outcomes) to generate 50 complete data sets, which should be sufficient to alleviate relative efficiency and power problems (see Graham 2009 Graham , 2012 . The variables include all demographic variables as well as available (continuous) language and math scores. The categorical scores based on percentile groups are not included in the imputation models but are derived from the continuous scores after imputation.
The stability of the individual scoring sequences is determined by analyzing the percentile groups with the TraMineR package for sequence analyses (Gabadinho et al. 2011) . Each child who achieved a score below the 25th percentile is grouped according to two events, namely a switch from a ≤25th percentile score in the preschool years to a >50th percentile score in first/second grade, or a switch from a >50th percentile score in preschool to a ≤25th percentile score in first/second grade. Both of these events signify score changes larger than 25 percentile points between preschool tests and first/second grade tests, and are therefore flagged as 'large switches.' The test version will be taken into account, since the classification into percentile groups differs for the two versions of the preschool tests. In addition to the occurrence of these events for individual children, the conditional probability of shifting percentile groups between two consecutive measurements (i.e. transition rates) is also calculated for the entire sample.
Finally, the predictive validity is assessed with a multilevel model fitted to the imputed data. After a fully multivariate model is constructed, the model is reapplied to the imputed datasets, where the covariance matrix of the different measurement occasions allows for estimation of the between-test correlations. Any child demographics that show a significant relationship with the predicted score in the original data are added to the model as fixed effects. Parameter significance testing is done following the procedure described in Snijders and Bosker (2012, pp. 94-95) , with a significance level set at .05.
Results
Sample descriptives
As shown in Table 2 , the majority of the missing observations occur in the first two years (M1to E2). Roughly a quarter (language) to a third (math) of the missing observations in the first year are missing because the schools chose not to administer the test at this point. Although the schools that did not administer these tests did not differ significantly in terms of the percentage of students from low-educated or one-parent households or the age of the children attending the school, those schools that did not administer the firstyear language tests contained relatively few students with a foreign background (∼2% vs. 10%, p < .05). In addition, the mean scores and standard deviations for each measurement occasion are shown in Table 2 for both language and mathematics tests. The large discrepancy between E2 and M3 is a result of the two different measurement scales used for the preschool tests and first/second grade tests. Figures 1 and 2 show the sequences of mean scores (±2 SE) for each pattern of missing observations on the language and math tests, respectively. For each figure, the box labels indicate the identification of the missing data pattern, where a 0 indicates an observed score and a 1 indicates a missing value. For example, in the upper right box in Figure 1 , the identification '0:1:0:1:0:0:0:0' indicates the following pattern: observed M1, missing E1, observed M2, missing E2, observed M3, E3, M4, E4. Inside each box, the number of children with that particular pattern of observed scores and a plot of their mean scores are presented. Nineteen missing data patterns that occur more than once were found in the language scores, and eighteen in the math scores (range n = 2 to 100). The mean language scores only differ slightly between the patterns with missing values and the complete cases (n = 31). For example, slightly higher mean scores in the preschool measurements are seen for the middle box in the second row of Figure 1 (n = 64), whereas the last box on the first row (n = 55) shows slightly higher scores for both the mean preschool tests and subsequent tests.
Missing data
The math scores show that the preschool scores for the complete cases are generally much lower than the observed scores for cases with missing values. For example, the boxes in the second (n = 24) and fourth (n = 100) columns of the second row of Figure 2 show much higher mean scores on the preschool tests compared to the complete cases (n = 29). Furthermore, the subsequent test scores appear to be much higher, on average, for these missing data patterns. This difference in subsequent scores can also be seen for the third box on the last row (n = 51), which has no measurements for the preschool tests. These results indicate that missingness seems to be related to the language and math scores of the child. Specifically, children with higher scores at later measurements are more likely to have missing data in preschool years, which is indicative of selective testing by schools. This relationship between later scores and missingness in preschool is likely to bias parameter estimates if it is not accounted for in further analyses. By including this relationship in the imputation model, this bias can be mitigated.
Score stability
The score sequences of children who scored ≤25th percentile at any point during the fouryear period were grouped according to the description shown in Table 3 for both language (n = 143) and math scores (n = 101). Contrary to other analyses, missing scores in these analyses are not imputed but assigned a 'missing' category, because grouping is done according to characteristics of individual sequences. Conditional on their scores in preschool and their subsequent scores in first/second grade, children would receive the label Up, Down, Fluctuating, Missing, or Stable. Most of these children, labeled as 'Down,' switched from one or more above-average scores in preschool years to one or more ≤25th percentile scores in first/second grade. On average, this group scored below the 25th percentile in the first/second grade on 1.7 and 1.6 out of 4 measurement occasions for language and mathematics, respectively (Mdn = 1).
A relatively small group, labeled 'Up,' made an inverse switch from one or more ≤25th percentile scores in preschool years, to one or more above-average scores in first/second grade. This group scored above the 50th percentile in first/second grade on an average of 2.6 and 2.2 out of 4 measurement occasions for language and mathematics respectively (Mdn = 2), and did not score ≤25th percentile in first/second grade.
The second largest group of children, labeled as 'Fluctuating,' showed one or more >50th percentile-and ≤25th percentile scores within the preschool years. In contrast, only a small group showed no large fluctuations in scores between the preschool years and first/second grade, instead remaining more or less in the lower scores. It is worth mentioning that this group is relatively larger for those children tested with the new version of the test at M2, as compared to children tested with the old version of the test. A child that was tested with the new version of the mathematics test at M2 is 5.5 times more likely to belong to the 'Stable' group than a child tested with the old version. For language, a child tested with the new version is 1.8 times more likely to belong to the stable group. On the other hand, these children are 3.2 and 1.7 times less likely to belong to the 'Down' group for the language and math tests, respectively. Table 4 shows the transition rates between two consecutive scores for the entire sample. Each cell gives the proportion of children that moved from a percentile group at time t (columns) to a percentile group on the next measurement time t + 1 (rows) along with the estimated standard error in brackets. As shown by the diagonal transition rates (i.e. children that remain in the same percentile group), the >75th percentile scores are generally the most stable, whereas the other scores tend to show stability rates that are around half as large. In addition, it is also apparent that children are more likely to increase in score than they are to decrease or stay within the same score.
When focusing on the occurrence of the two large switches mentioned in Table 3 (i.e. Down and Up), one can see that, between two consecutive measurements, children with a ≤25th percentile score switch to an above-average score around 33% and 48% of the time for language and math, respectively. The switch from an above-average score to a ≤25th percentile score, however, occurs around 12% and 29% between two consecutive Table 3 . Conditions used to cluster children that received at least one ≤25th percentile score on the language (n = 143) or math (n = 101) tests, and percentages in each group.
Group label Definition
% Language Math
Down Child moves from a >50th percentile score in preschool to a ≤25th percentile score in first/second grade at least once, and child does not score ≤25th percentile within preschool.
35
Up Child moves from a ≤25th percentile score in preschool to a >50th percentile score in first/second grade at least once, and child does not score >50th percentile within preschool.
Fluctuating Child has both >50th percentile and ≤25th percentile scores in preschool, but would otherwise be categorized as either Up or Down.
30
Stable Child does not switch from a >50th percentile score in preschool to a ≤25th score in first/second grade or vice versa. That is, no large fluctuations within preschool, or between preschool and first/second grade.
17
Missing Child has no observed values in preschool or subsequent years useable for categorizing. 8 9
measurements. Although children are most likely to switch from above-average scores in preschool to ≤25th percentile scores in subsequent years, the reverse is more likely to occur between two consecutive measurements. When focusing only on the new version of the test, the largest difference in language transition rates is .02 compared to the transition rates over both versions; for mathematics the maximum difference is .06.
Predictive value
In order to compensate for any bias due to missing data, and/or confounding variables, the values below the diagonal were estimated with a multilevel model on the multiply imputed (MI) scores. The multilevel model controls for any fixed factors that show a significant effect in the dataset without imputations. These fixed effects included the parent-education variable, gender, test version, and foreign background. For the sake of completeness, the fixed effect coefficients and standard errors of the model for language scores are included in the first two columns of Table 5 . As in a linear regression model, these coefficients indicate the average test score of children for every measurement time as well as the average effect of included variables on these scores. After imputation, the only effect that remained statistically significant was gender: on average, girls score 1.9 points higher than boys. Measurement occasion was included in the model using a fully multivariate model, as illustrated in Snijders and Bosker (2012, pp. 255-260) . For example, an average-scoring Dutch boy of whom at least one parent finished the junior year of high school scores an estimated 62.77 on measurement occasion M1 when tested with an old version of the language test. Table 6 shows the estimated correlation matrix for the language scores. The above diagonal values are the correlation estimates of the observed data, where missing values were handled using pairwise deletion. The pairwise deletion correlations are generally highest within the first and second grade (M3 to E4), and within the preschool years (M1 to E2), with most correlations in the range of .50 to .70. Between the preschool years and first/second grade, correlations are markedly smaller, ranging between .11 and .32. Similarly, the MI estimated correlations are highest in the first and second grades, and overall lowest between the preschool years and first/second grade. The last estimates mentioned range between .09 and .30, with an average correlation of .20, which is similar to the pairwise estimates.
For preschool years, there are large differences between correlations based on multiple imputations and correlations based on pairwise deletion. Most correlations drop in magnitude by about half and range between .29 and .47. Since most of the missing data occurs within the preschool years, large differences are more likely to occur there. Further interpretation of these results is provided in the discussion. Table 7 shows a similar table for the mathematics scores as for the language scores. The multilevel model of the MI estimated math scores included the fixed effects from test version, foreign background, single-parent household, and the interaction effect of measurement occasion and grade retention. Both the interaction effect between time and repeating a grade and the negative effect of foreign background remained significant after imputation. The coefficients and their standard errors are shown in the third and fourth columns of Table 6 . Similar to the language scores, the mathematics pairwise deletion correlations are largest within the first and second grades (M3 to E4), and lowest between the preschool years and the first/second grade.
The correlations between the preschool years and first/second grade have estimated values between .16 and .39, when missing data are handled with pairwise deletion, and between .13 and .30 for the imputed data. Again, the correlations within the preschool 
Discussion
This study was set up to evaluate the utility of early standardized assessment for identifying children at risk for later academic difficulties. In line with the study by Dollaghan and Campbell (2009) , the results showed that only a small proportion of students identified as at risk remained in this group in consecutive years, while a large group showed wildly fluctuating scores and a small group moved from bottom-range to above-average scores. Moreover, the results indicate that a large number of low-achieving children are not identified as such in preschool years. These 'false negatives' receive little attention in the study by Dollaghan and Campbell (2009) , but failure to identify children at risk for academic difficulties might constitute a more serious problem than wrongly identifying children as 'at risk.' The overall transition rates reveal that, while the top scores (>75th percentile) are generally stable over time, the other scores show far lower consistency. The higher stability of the top scores could be a result of the generally higher probability of progressing to a better score, as opposed to the probability of regressing to a lower score. Both the language and math imputed preschool scores show small to moderate correlations in the range of .09 and .30 with first/second grade achievement. These correlations are slightly lower than the average correlations found by La Paro and Pianta (2000) and Duncan et al. (2007) . However, the differences between the coefficients are small and fall within the range of values that are included in both meta-analyses. The low correlations within the preschool years, and between preschool and first/second grade, might be indicative of the large intra-individual variation in the test scores of these children, especially since the correlations between first and second grade appear to be much stronger.
A noteworthy change between the imputed and pairwise deletion correlations is the drop in correlation magnitude within the preschool years. These differences can be explained by the combination of the large number of missing values within the preschool years, and bias in the pairwise deletion correlations due to selective testing. Indeed, Figures  1 and 2 indicate that high-performing children are less frequently tested in preschool. In addition, schools that did not administer the test in preschool had fewer children with a foreign background. This could imply that observed values in preschool are downward biased (i.e. contain more low-scoring children), meaning that deletion would lead to biased results. Indeed, subsequent analyses by Duncan et al. (2007) , using multiple imputation, show a similar drop in coefficients. Unfortunately, the variables used in the multiple imputation procedure, the number of iterations and imputations, and the convergence of the parameter estimates in their study are unclear. While the preschool tests are said to measure the prerequisites for later language and mathematics skills (Koerhuis and Keuning 2011; Lansink and Hemker 2012) , the test developers do not claim that these tests measure exactly the same (underlying) construct as the first/second grade mathematics and language tests. The different IRT scales used for the preschool and first/second grade tests also mean that absolute differences in scores are meaningless, which is why interpretation was restricted to the correlation measurements and percentile groups. As a result of the differences in construct, a perfect correlation could never be expected. However, given that we are dealing with interconnected constructs, the small size of the correlation coefficients does raise the question: What information does a low score on these preschool measurements actually convey? When considering identification/allocation as a goal for standardized tests, the results of this study indicate that there is a large group that might not be being provided with the help they need. In contrast, a smaller group may be receiving an intervention that could well be unnecessary. Adding to the complexity of the situation is the fact that the influence that language has on mathematics education might be playing a considerable role in terms of determining the predictive validity of the math test (Van Eerde 2009). This makes it difficult to view math as a completely separate construct from language.
Limitations and recommendations
Missing data appears to be a reoccurring obstacle in many studies on assessment in early childhood education. Selective testing by teachers or schools can be a major problem for internal validity when this is not dealt with in an adequate manner. Dummy coding with mean imputation (Duncan et al. 2007 ), excluding the dependent variable from the imputation procedure (Romano et al. 2010) , and pairwise/listwise deletion (Dollaghan and Campbell 2009; La Paro and Pianta 2000) have all been shown to bias the coefficient estimates and/or standard errors (e.g. Allison 2009; Graham 2009 ). Through careful handling of missing observations, any threat to the internal validity of the current study is presumably limited. However, the loss of information does result in an increase in standard errors, thereby leading to a loss of power and increased uncertainty about any statistical parameters.
To assure unbiased results for the imputation model and multilevel model, all model assumptions were thoroughly checked. Notably, a relatively large proportion of children were imputed as having been tested with the new version of the test. However, since both versions were developed to measure the same latent construct, and since previous research has indicated that the correlations between the item banks of the new and old versions of the tests are very high (Koerhuis and Keuning 2011; Lansink and Hemker 2012) , it is unlikely that the inclusion of two different versions had any large influence on the correlation estimates. Some differences can be seen in the stability measurements. Across the entire sample, the new version of the test does appear to be somewhat better at identifying children at risk for academic difficulties, although the differences are small. Additionally, while the nesting of measurements within children was adequately handled by the imputation model, it was not possible to include the nesting of children within schools in the imputation software. Since there was no significant variation between schools remaining in the language and mathematics models, once the fixed effects were added, exclusion of school level in the imputation model would most likely have had very little impact on the results.
Because the sample was selectively chosen from a specific region in the Netherlands, the results might not be representative for the entire Dutch population. For instance, the sample contains relatively few children with a foreign background (7.0%), who have been shown to perform relatively poorly on achievement tests (Centraal Bureau voor de Statistiek 2012; OECD 2008). This might limit the external validity of the results. In addition, a small group of children who repeated a grade were tested multiple times with the same test (∼2% of the total number of measurements in the sample). Because only a few scores were observed twice, and because differences between the first and second tests were often small, the effects of this on the observed parameters are presumably negligible. Indeed, correlations with pairwise deletion showed minimal differences when using the first or second observations. This study illustrates how a longitudinal analysis of assessment data provides a more complete picture of how assessment scores develop over time. In addition, this method supports the analyses of academic achievement stability, an area that undoubtedly deserves more attention, especially in a target population, where this stability is under much scrutiny. Finally, the current study provides a better, more transparent evaluation of the suitability of assessment use for identification purposes.
The results of this study show that early childhood educators should be careful in their interpretation of test scores and take into account that there might be a wide margin of error when it comes to the early identification of children. In addition, when an educator has concerns about a child's academic development, these concerns might be better validated by means of tests specifically designed to identify children in the tails of the score distribution, rather than tests designed for a more general population. Though standardized tests that are normed on a national population might have a known predictive validity for the entire distribution of scores, this does not mean that these tests are adequate measurements for identifying children in the tails of this distribution. The selective testing of low-scoring students in the early years suggests that teachers/schools are generally more concerned about the test performance of these students. This could indicate use of these instruments as a diagnostic and evaluative tool but may also reflect an increased concern with low-scoring students 'making the cut.' Although diagnostic tools are just as important on the high-achieving end of the spectrum, the infrequent testing of high-scoring children suggests that the latter is more likely to be the case.
The authors recognize the importance of early assessment and the potential benefits of a norm referenced measure. However, a thorough evaluation of the underlying assumptions in assessment-based decision making is necessary to identify the limitations of an instrument. The results of this study suggest that the amount of variability in early development makes it difficult to base decisions about the child's educational trajectory on a single assessment outcome and may underpin the need for frequent assessments using multiple sources in the identification of children at risk for academic difficulties.
Notes
